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Introduction
Value-at-risk (VaR) is a widely used measure of portfolio risk. Formally, suppose that {y t }
T t=1
is a process of speculative returns. Then, conditional on the information set available in time t − 1, Ω t−1 , the value-at-risk with coverage α, denoted VaR t (α), is the quantile such that Prob[y t < −VaR t (α)|Ω t−1 ] = α.
(
The computation of VaR t (α) is challenging since the 'true' conditional distribution of returns is unknown. In the light of a plentitude of alternative approaches to VaR determination, model diagnosis is of essential importance in applied finance.
The remainder of this short note is organized as follows. Two particular tools for VaR In light of their finite sample size biases a Monte Carlo approach to testing VaR accuracy is adopted in Section 3. Concluding remarks are provided in Section 4.
VaR diagnosis
Starting from the definition of VaR t (α) in (1) so-called hit processes formalize the event of a conditional return shortfall. The centered hit process is 
where
. For backtesting the conventional Wald statistic,
is used, where p + 1 is the row dimension of x α t−1 andβ contains OLS estimates from (3). The asymptotic χ 2 (p + 1)-distribution holds if the VaR model is well specified (H 0 ).
Binary regression (II):
Analogous to (3), diagnosing VaR t (α) may also exploit lagged hits measured for VaR t (a), a = α. Relying on lag one hits, for instance, obtains
with a redefined vector of explanatory variables
To test H 0 : β = 0 the Wald statistic in (4) applies with a χ 2 (p+m) asymptotic distribution under H 0 .
3. A multivariate portmanteau statistic: Although the regression in (5) takes 'cross dependence' of VaR violations into account, the test is specific for nominal level α. For the vector hit process δ t joint accuracy of VaR estimates implies
Covariance and correlation estimates are, respectively,
where I m is the m-dimensional identity matrix and ' ' signifies element-by-element multiplication. Hurlin and Tokpavi (2006) propose a portmanteau statistic with asymptotic distribution applying under the null hypothesis of a well specified VaR model
Both approaches the dynamic quantile regression, in (3) or (5) and the portmanteau statistic in (7) adopt (auto)regression tools that originated in the framework of modelling continous random variables. Since hit statistics defined in (2) 
Monte Carlo test
The test statistics (4) and (7) 
Design
To imitate a well specified VaR model, δ α t processes are determined by means of iid Gaussian variates. Let Φ(•) denote the Gaussian distribution function. Then,
Vector hit processes are obtained by stacking δ α t for α ∈ {.005, .01, .015, .02, .025, .03, .035} (m = 7). To investigate the performance of VaR diagnostics in case of misspecification, ξ t in (8) is generated as a first order autoregressive process, ξ t = 0.1ξ t−1 + ζ t , ζ t ∼ iidN (0, 0.99). The adjusted variance for drawing ζ t ensures that the unconditional variance of ξ t is one. To specify the regression models in (3) or (5) the lag order is p = 5. For the portmanteau statistic in (7) order parameters J = 5, 15 are considered alternatively. Thus, the asymptotic distributions of alternative diagnostic tools are χ 2 (q), q = 6, 12, 245, 735. Simulated sample sizes vary from
. An often raised caveat of Monte Carlo results is their dependence on the data generating process used for the simulation. For simulating VaR hits under the null hypothesis of a well specified risk model, it is worthwhile to point out that the design in (8) matches the null hypothesis in a one-to-one manner. Employing competing, well specified VaR models for imitation of the null hypothesis would not deliver systematically different empirical size features. The data generating mechanism employed to imitate poor VaR specifications lacks parametric rigor. It is interesting, though, to investigate how alternative tests cope with a 'nonparametric' alternative. Monte Carlo inference offers exact empirical significance levels. In terms of power the dynamic quantile regression augmented with lagged hits measured for distinct VaR nominal coverages is most effective.
Results

